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Process analytical technology plays an important role in the pharmaceutical industry. Calibration-free/minimum
approach, iterative optimization technology (IOT), was previously proposed to predict the composition of a mix-
ture while maintaining a similar prediction ability to calibration models such as a partial least squares. However,
for themixture case which includes similar structuredmaterials, it would be essentially difficult to provide good
prediction onmixture component ratio. This study presents amethodwhich can improve the prediction ability of
IOT through reducing dimensionality of spectra with optimal selection of wavelength. It involves using a latent
variablemodel approach for dimensionality reduction of spectra in IOT and genetic algorithm-basedwavelength
selection for optimal wavelength-region selection. Through the analyses of numerical simulation data and real
industrial data, it was confirmed that the proposed method achieved higher predictive accuracy compared to
the traditional IOT.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Process analytical technology (PAT) [1–4] plays an important role in
the pharmaceutical industry. PAT is used extensively in process devel-
opment, process understanding, and process control [5]. Often, quanti-
tative measurements are desired/required and a calibrated model will
have to be developed and implemented. A calibrated model could ac-
count for active pharmaceutical ingredient (API) lot-to-lot variability
and scale-up operations and was applied to optimization of process
conditions in pilot-scale plant and industrial-scale plant of the high
shear wet granulation process [6]. García-Muñoz et al. proposed to use
a calibrated model for feed-forward process control and for designing
quality into process conditions and materials' properties (Quality by
Design) [7]. The development, implementation and maintenance of
these quantitative models are both resource and time intensive.

Muteki et al. [8] previously proposed calibration-free/minimum ap-
proach, iterative optimization technology (IOT),which is used to predict
the composition of a mixture while maintaining a similar prediction
ability to calibration models such as a partial least squares (PLS) [9]
model. It involves using only pure component spectra andmixture com-
ponent spectra (without a calibration data set). Linear and non-linear
IOT have been successfully applied (by offline/online) to some practical

pharmaceutical process (e.g. blending, feed frame, solvent mixture,
reaction, etc).

However, a key (remaining) questionwas how to dealwith a depen-
dency (multi-collinear relationship) among pure component spectra
during the optimization computation. For the mixture case which in-
cludes similar structured materials, it would be essentially difficult to
provide good prediction on mixture component ratio, although the de-
gree of collinearity of spectra can be changed by differentmeasurement
conditions of spectrometer. This problem has often been an important
obstacle when applying IOT to mixture cases having more than several
components. In addition, nonlinear relationships between the ab-
sorption of pure components and that of mixture components also
deteriorate prediction ability of IOT. Although nonlinear IOT has
been developed already [8], this requires to optimize a parameter
using training samples and linear models would be more robust than
nonlinear ones. Selection of only absorption bands with there exist
linear relationships between the absorption of pure components and
that of mixture components would be one of the solutions.

This studypresents amethodwhich can improve the prediction abil-
ity of IOT through reducing dimensionality of spectra with optimal
selection of wavelength. It involves using a latent variable model
(LVM) approach [10] such as principal component analysis (PCA) [11]
and PLS for dimensionality reduction of spectra in IOT and genetic-
algorithm-based wavelength selection (GAWLS) [12] for optimal
wavelength-region selection. LVM is used as preprocessing of spectra
and collinearity in pure component spectra would be handled. IOT
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estimation is applied to the calculation of a fitness value in GAWLS and a
combination of wavelength-regions with which a predictive IOT model
can be optimized would be obtained.

The effectiveness of the proposed methods is demonstrated using
simulation data where pure component spectra have strong correlation
and real industrial data of multicomponent mixtures. The proposed
methods achieve higher predictive accuracy compared to the traditional
IOT.

2. Method

2.1. LVM-IOT

Prediction ability of IOT decreases when there is collinearity be-
tween pure component spectra and collinearity between wavelengths
(see Appendix A). To handle collinearity and guarantee independency
of pure component spectra, our approach is dimensionality reduction
and we apply latent variable modeling (LVM) as preprocess of IOT.
The details of IOT are shown in Appendix A.

One of the most famous LVM methods is PCA, the details of which
are described in Appendix B. PCA can reduce the dimension of X and
extract uncorrelated PCs which are input variables for IOT.

PCA can be used in different ways. Fig. 1 shows images of two ways
to employ PCA. First, principal components (PCs) are extracted from
pure component spectra data matrix Xpure ∈ RI × N (I represents the
number of pure components and N represents the number of wave-
lengths). By using a loading matrix P ∈ RN × q (q represents the number
of PCs), score vectors Tmix ∈ RJ × q (J represents the number of mixture
component spectra) can be obtained from mixture component spectra
data matrix Xmix ∈ RJ × N as follows:

Tmix ¼ XmixP: ð1Þ

IOT can estimate mole fractions R ∈ RI × J using Tpure ∈ RI × q instead
of Xpure and Tmix instead of Xmix in Eqs. (A.7) and (A.8). This method is
named PCA-IOT1. PCA-IOT1 can handle correlation between
wavelengths.

Second, PCs are extracted from pure component spectra data matrix
Xpure
T ∈ RN × I after transposition (lower part in Fig. 1). IOT can estimateR

for Tpure ∈ RN × q, RTpure ∈ Rq × J, using TpureT instead of Xpure and Xmix in
Eqs. (A.7) and (A.8).RTpure is transformed toRusingP∈ RI × q as follows:

R ¼ PRTpure: ð2Þ

This method is named PCA-IOT2. PCA-IOT2 can handle correlation
between pure spectra.

For PCA-IOT1, PCA can be applied also to the data matrix combined
with Xpure and Xmix, and Tpure and Tmix are extracted simultaneously.
This is named PCA-IOT3. PLS instead of PCA can be performed as LVM.
PLS requires objective variables Y ∈ RJ × I. The mole fraction of each
pure component is 1 for Y-variables, which is also used when Amigo
et al. applied PLS to classical least squares [13]. PLS is applied as is the
case with PCA-IOT1. This is named PLS-IOT.

2.2. GAWLS-IOT

Except an LVM approach, selection of the suitable absorption bands
is another solution to guarantee the independency of pure component
spectra. In addition, absorption bands having nonlinearity between
pure component spectra and mixture component spectra, which come
frommolecular interactions such as hydrogen bonding, deteriorate pre-
diction ability of IOT. Unnecessary wavelengths must be removed from
pure component spectra and mixture component spectra.

Our second approach is wavelength selection or variable selection.
Many variable selection methods such as uninformative variable elimi-
nation [14], searching combinationmovingwindow PLS [15] andmodel
population analysis [16] have been developed and have produced good
results. Not a single absorption band but a region of absorption bands
would be reasonable to represent the absorbance of a representative
band of pure components and mixture components. Thus, we apply
genetic-algorithm-based wavelength selection (GAWLS) method [17]
which is a wavelength-regions selection method to IOT. GAWLS is one
of the methods used to select combinations of important wavelengths
using regions as a unit of measurement. A genetic algorithm (GA) [18]
is applied to selectwavelength-regions. A GA is an optimizationmethod
that is used in biology to model principles of natural evolution. Species
having a high level of fitness under certain environmental conditions
can prevail in the next generation, and the best species may be
reproduced by crossover together with the random mutation of chro-
mosomes in those species that survive. The solution space around supe-
rior individuals is searched for preferentially, which leads to the
discovery of a solution that is close to the optimum. IOT is performed
to calculate a fitness value. This method is named GAWLS-IOT.

In GAWLS-IOT, two actual values of a chromosome represent one re-
gion of wavelengths. Fig. 2 shows the basic concept of GAWLS-IOT.
Hence, GAWLS-IOT can select important wavelengths using regions as

Fig. 1. Basic concept of two ways to apply PCA.
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